We present a tunable, machine vision-based strategy for automated annotation of virtual small molecule databases. The proposed strategy is based on the use of a machine vision based tool for extracting structure diagrams in research articles and converting them into connection tables, a virtual "Chemical Expert" system for screening the converted structures based on the adjustable levels of estimated conversion accuracy, and a fragment-based measure for calculating intermolecular similarity. For annotation, calculated chemical similarity between the converted structures and entries in a virtual small molecule database is used to establish the links. The overall annotation performances can be tuned by adjusting the cutoff threshold of the estimated conversion accuracy. We performed an annotation test which attempts to link 121 journal articles registered in the PubMed to entries in the PubChem which is the largest, publicly accessible chemical database. Two cases of tests are performed and their results are compared to see how the overall annotation performances are affected by the different threshold levels of the estimated accuracy of the converted structure. Our work demonstrates that over 45% of articles could have true positive links to entries in the PubChem database with promising recall and precision rates in both tests. Furthermore, we illustrates that Chemical Expert system which can screen the converted structures based on the adjustable levels of estimated conversion accuracy is a key factor impacting the overall annotation performance. We propose that this machine vision based strategy can be incorporated with the text-mining approach to facilitate extraction of contextual scientific knowledge about a chemical structure, from the scientific literature.
Introduction
Nowadays, rather than a mere repository of molecular structure information, the chemical database is becoming an essential research tool as a comprehensive knowledge bank of molecules. For example, virtual collections of chemical compounds can be used to design and keep track of chemical synthesis of combinatorial libraries, 1,2 as well as serving as a systematic repository for storing and sharing the various assay data and biological activities of chemical agents in chemical genomics and systems biology. 3, 4 In addition, virtual libraries of small molecules can serve as the main source for in silico drug discovery applications, including molecular docking and QSAR prediction models. 5, 6 It is thus hardly surprising that cheminformatics research has devoted much effort into developing techniques for the storage, retrieval and processing of chemical databases in order to maximize the value of such an intellectual asset. 7 In order to enrich the chemical database, many research and development organizations have made an effort not only to register new chemical structures but also to annotate database entries using related information such as method of synthesis, chemical and physical properties, or biological activities. The related information can be derived from the scientific literature, other public databases and computational methods. Scientists have added experimental property data to the CAS Registry System which is the largest and commercially accessible chemical database in the world monitoring the scientific literature. 8 In the case of PubChem (the largest, publicly available chemical database linked to the National Center for Biotechnology Information data warehouse), each chemical structure can have cross-reference links to related structures, bio-assay data, bio-activity description, as well as scientific research articles. 9 There are many other databases focusing on more specific information of molecules while these two very large databases are built on a broad range of chemical sources. For instances, DrugBank database contains comprehensive information of both FDA-approved drug molecules and their associated targets. 10 As a collection of commercial vendor catalogs, the eMolecules database allows users to access the supplier information of commercially available compounds and to purchase them online. 11 There are also a few annotation services such as SciFinder 12 , IDdb3 13 and SureChem 14 that enable users to retrieve patent documents or journal articles containing identical or similar chemical structure for the query chemical structure. Commonly, all these chemical database systems are cross linked to each other so that users can explore chemical information distributed over chemical databases, scientific articles and websites, efficiently.
While many chemical information systems have attempted to integrate all chemical information published up-to-date, much time and resources is spent on exploring a vast amount of unstructured information sources such as journal articles, patents, project reports and books. In practice, it is a daunting task for chemical experts to compile all chemical information in the scientific literature published so far, and often such manual curation results in the high cost of access. 15, 16 Therefore an automated system annotating chemical structures in the chemical database with one or more relevant links to the scientific literature is highly demanded. 17 The traditional approach for automated knowledge extraction from the scientific literature is based on processing raw text information. In fact, various applications using text-mining and natural-language processing (NLP) technology have been developed to integrate unstructured data in the biological and biomedical literature into biological databases. 18 For example, the identification of biological entities such as genes, proteins or diseases to facilitate the retrieval of relevant documents has been an area of interest in NLP for many years. 19, 20, 21 In case of the chemical document processing, instead of sequences representing genes or proteins within document, chemical named entities should be identified first. For this purpose, document segmentation and machine learning techniques have been successfully applied. 22, 23 Since chemical compound might be expressed in various ways including generic name, IUPAC systematic nomenclature, abbreviations and index number (e.g. CAS registry numbers, EINECS and Beilstein registry number), extracted chemical named entities need to be converted into their chemical structure. There already are several name-to-structure converting tools such as OPSIN, 24 Lexichem, 25 ACD/ Name to Structure 26 or Name=Struct. 27 A demonstration of this approach can be found in the IBM Chemical Search alpha site 28 which identifies and indexes over 3.6 million chemical structures in the US patent corpus from 1976-2005 using text-mining techniques and Name=Struct software. 29 Another way to link entries in chemical structure database with the scientific literature is to relate chemical structure diagrams embedded in the text of scientific article to the corresponding structure entry in the database. Since novel chemical structures are usually referenced by chemical structure diagrams rather than chemical names in published articles and patents, this approach can provide distinct advantage compared to text-based approach mentioned above. 30 There are two essential stages in recognizing chemical structure diagrams from documents: identification of chemical structure diagram and conversion of diagram to connection table. As similar way to the text-mining approaches, the chemical structure diagrams in a digitized document can be identified using document processing and machine learning techniques. 31, 32 Also, in order to translate raster images of the chemical diagrams into a standard, machine-readable chemical file format, several machine visionbased tools are available, including Kekule, 33 IBM OROCS, 34 CLiDE, 35, 36 chemoCR, 37, 38 OSRA 39 and ChemReader. 40 However until now the annotation of chemical databases using machine vision based approach has not been directly examined.
Here, we demonstrate machine vision based approach for automated annotation by linking published journal articles to entries in a chemical database, PubChem. For chemical structure extraction we used ChemReader -a software tool for converting chemical structure diagrams into the connection-table, which outperformed other available software like OSRA V1.01 and CLiDE V.2.1 for all sets of images collected from different sources such as web sites and real journal articles in our previous study. 40 In particular, it was observed that ChemReader kept its performance at the test images embedded in journal articles while other software dropped their performance significantly. As a next step of ChemReader project, we have designed and examined an annotation strategy which is capable of linking published real journal articles to entries in the chemical database ( Figure 1) . In following sections, we describe how we addressed our annotation test and the test result as well as enhanced algorithms of ChemReader.
Materials and Methods

Machine vision tool -ChemReader
ChemReader is a fully automated, machine vision based tool for extracting chemical structure diagrams in research articles and translating it into standard, machine readable chemical file formats. Figure 2 shows the essential recognition steps of chemical structure diagram in ChemReader. The chemical structure diagram digital image consists of a long sequence of bits that give pixel-by-pixel values. In the first step, the pixels are grouped into components based on pixel connectivity. Theses connected components are then classified as text or graphic objects. Text objects are transferred to a character recognition algorithm and converted to character symbols. Since the results can contain non-exsiting chemical symbols or valences, to detect and correct these errors, a chemical "spell checker", a recovery process similar to conventional OCR error correction, confirms the final chemical symbols. Graphical objects representing bond connectivity are analyzed using the (Generalized) Hough Transformation, Corner Detection algorithm, and a few other geometric operations. Finally, from recognized chemical symbols and bonds, the whole of the structural information is assembled and a connection-table is generated, which can be converted into a standard chemical file format. The detailed description of the ChemReader algorithm can be found in our previous report. 40 
Virtual "Chemical Expert" System
Any chemical OCR systems including ChemReader, no matter how accurate they become in the future, will never be completely error free since there will always be chemical structure diagrams with low resolution, high noise level, and/or unconventional notations, which can disguise even most sophisticated machine-vision algorithms. One strategy to deal with these errors is to avoid annotation with output structures that are likely to lead false-positive links. By extension, since the accuracy of the output structure produced by machine-vision tool is related to the relevance of annotated information, it would be possible to tune the accuracy of the annotation system by estimating a confidence in the recognition result and using it as a parameter for linking. Thus we have developed a virtual "Chemical Expert" system which can estimate the accuracy of recognized structures by examining a few main types of recognition errors described below.
• Number of molecules: ChemReader assumes that every input image contains only one chemical structure diagram. Thus multiple molecules in ChemReader output indicate that there are some errors occurred in the recognition process. For example, if ChemReader misses a bond in the line detection or fails to locate a correct node position in the topology construction, the final molecular structure is often separated by several fragments. To identify these broken structures, the number of connected components in the graph of output structures is computed. If there are more than one connected components, the output will be regarded as wrongly recognized.
• Bond length: The chemical structure diagram drawn in the "standard" twodimensional format keeps bond length being uniform over entire structure. Too short or long lines in the output structure might not correspond to true bonds in the original input structure. Thus divergence of extracted bond length could be an indication of errors occurred in the recognition process. Here the most populated bond length in pixel is regarded as the representative length of the output structure. Based on the representative length, Chemical Expert system sets an acceptable range for bond length to the given structure, which can be defined as L MP -T1 < Acceptable length < L MP + T2, where L MP denotes the representative length and both T1 and T2 are adjustable thresholds. Thus if a bond length is out of the range, the output structure will be filtered out.
• Bond angle: Since chains or ring systems which are frequently appeared in the chemical structure diagram are usually drawn by fixed angle, specific bond angles such as 60°, 90°, 108°, 120° and 180° are likely to be dominant in the bond angles of most chemical structures. Figure 3 is an example showing how bond angle histogram could be different in correctly and wrongly recognized structures. It can be observed that bond angles around 120 degrees are dominant in both histograms but wrongly recognized structure has more distributed bond angles. Given the ranges of acceptable bond angles, Chemical Expert system detects odd bond angles in the output structure and then will filter it out if the number of odd angles is larger than a certain threshold.
• Chemical symbol: Each chemical symbol in the output structure has its confidence score given by a likelihood function implemented in the "Chemical Spell Checker" (see 37 for details). This confidence score can be also used to estimate the probability of existence of errors in the output structure. A Chemical symbol with the likelihood value less than a certain threshold is regarded as mis-recognized symbol. If the number of mis-recognized symbols exceeds a half the number of chemical symbols in the structure, the output structure will be filtered out.
• Distance of non-bonded atoms: It is very rare that a group of nodes are located close to each other in the 2D chemical structure diagram. In ChemReader, many types of recognition errors finally induce an irregular node distribution in the 2D space. For checking this, the number of node pairs that are within half the representative bond length from each other is calculated in Chemical Expert system. If this number of adjacent node pairs is over a certain threshold, the output structure is likely to have some recognition errors.
Similarity-based linking method
A useful database annotation scheme does not necessarily require perfect, exact matches between database entries and scientific articles. In fact, the ability to link to similar but not identical structures may be important when the intent is to synthesize drug leads that are not identical to the molecule in question, and to identify related compounds in the scientific literature. Such similar but not identical molecules, having been synthesized in other drug development projects could provide some new ideas for developing a derivate for given virtual ligand candidate molecules. Thus, for the purpose of retrieving similar molecules from a chemical database, many different chemical-similarity search methods which use substructure keys, atom pairs, or other molecular properties have been developed and widely used. 41, 42 The similarity between two molecules can be quantified by computing chemical coefficients such as the Tanimoto coefficient or Euclidean distance coefficient on the basis of selected their properties. As the number of chemical structures in chemical database is explosively increasing, the similarity calculation should not be unnecessarily computationally heavy. Therefore, the Tanimoto coefficient in conjunction with PubChem binary fingerprint 43 allowing a rapid evaluation of chemical similarity is employed in this test.
Article sets for Annotation Test
The annotation test was performed on total of 121 journal papers from seven different journals in the fields of biomedical and molecular biology, each of which has at least one chemical structure diagram. The papers in the portable document file (PDF) format are downloaded via links in PubMed journals database 44 and then embedded images are extracted by parsing the document file according to the PDF specification. 45 Images containing non chemical structures are discarded by hand. In general, the figures in the journal papers contain not only chemical structure diagrams but also simple symbols (e.g. reaction symbols) and text for the additional description. Since the current version of ChemReader assumes that there is only one chemical structure diagram within an input image, components not related to the chemical structure are removed manually using an image editor. Also, an image file is broken into pieces of image in case the image file contains multiple chemical structures. Table 1 shows the title of journals, number of sampled articles, number of extracted structure diagrams and average number of structures in a single article. Among the 609 structure diagrams in the testing set, 38 structures are duplicated but those are present in different articles or drawn differently in an article. For the validation of our annotation strategy, we obtain original connection tables for testing chemical structures by drawing structures manually using ChemDraw software. 46 
Chemical database for Annotation Test
The target database for our annotation test is Pubchem database 47 which is the largest, publicly accessible chemical structure database, encompassing a collection of 19 million unique structures that have been chemically synthesized or isolated, and are therefore known to exist. As integrated with other components in NCBI Entrez data warehouse, a structure in the PubChem database can have a cross-reference links to related structures, bio-assay data, bio-activity description, and literature related to the structure. However, since the majority of the entries in the PubChem database have been obtained from disparate sources such as commercial vendors, reference catalogues and existing small molecule collections, current PubChem entries do not possess much information about synthesis method of the molecules, their properties, or their biological activities. 48 Therefore the PubChem database might be one of target databases which our annotation scheme can enrich.
Error Analysis
As a measurement of the chemical database's annotation performance, the recall and precision rates are used. Precision is the ratio of linked structures that are relevant whereas recall is the ratio of relevant structures that are linked. Once a structure diagram s i is processed by ChemReader and then linked to entries in the PubChem, precision P(s i ) and recall R(s i ) rates of the structure diagram can be computed as follows.
where TP(s i ), FP(s i ) and FN(s i ) mean respectively the set of true positive links, the set of false positive links and the set of false negative links to the structure, s i . Table 2 is the contingency table describing those four notions. The averaged precision and recall rates over an output set also can be defined as where S denotes the set of output structures. By looking at the distribution of precision and recall rates of processed structures, we would see how those two measures are correlated in our annotation scheme and also could discuss what features and errors occurred at the machine vision tool affect critically on annotation performance.
Results and Discussion
ChemReader processed and converted the total 609 chemical structure diagrams to the associated connection tables (mol-files), which are then examined and filtered out by Chemical Expert system. To demonstrate how Chemical Expert system can be utilized to tune the overall annotation performance, we proceeded to work with two cases of test with different conditions in the Chemical Expert system: Test I with tolerant constraints and Test II with strict ones. For tolerant conditions, "bond angle" condition is turned off in the Test I while Test II has all conditions turned on with 10% smaller threshold for the "bone length" constraint than Test I. To see how the Chemical Expert system classifies output structures, the Tanimoto similarity coefficients are computed between original structures and recognized structures. For generating PubChem fingerprint and computing Tanimoto similarity coefficient, an open-source code provided by the NIH Chemical Genomic Center (NCGC) 49 is used in conjunction with ChemAxon's JChem toolkits. 50 In the Test I, 212 output structures could survive while only 145 structures satisfied strict conditions of the Test 2. The Tanimoto similarity coefficients can be seen as the extent of correctly including chemically important features in the output structure. The more missed or misinterpreted PubChem substructure patterns the recognized structure has, the smaller Tanimoto similarity coefficient becomes. Thus, in order to reduce wrong annotation effectively, Chemical Expert system should be able to discriminate those wrong structures of small similarity coefficients from output structures. Figure 4 shows similarity histograms for both rejected and survived structures in the Test I ( Figure 4A ) and II ( Figure 4B ). In both tests, we can observe that most of wrong structures of small similarity coefficients are filtered out successfully. In particular, among structures of similarity coefficients less than 0.7, 82% and 92% of those structures are filtered out respectively in the Test I and II by the Chemical Expert system.
There is also loss in correctly recognized structures which couldn't satisfy the conditions in Chemical Expert system. However, the fraction of loss is much smaller than the fraction of wrong structures being filtered out. In addition, as each article usually has multiple chemical structure diagrams, discarding a portion of outputs corresponding to an article does not necessarily mean that the article can be not linked to structures in a chemical database. In case of our samples articles, one single article has five chemical structure diagrams on average ( Figure 5 ). Thus the likelihood of linking each article to entries in PubChem database could be higher than the ratio of survived structures. This can be verified by seeing the number of articles which have a survived structure diagram. For example, the survived structures in the Test I are only 35% of total input chemical structure diagrams ( Figure 6A ). However, since these 35% of chemical structure diagrams are distributed from 63% of sample articles ( Figure 6B ), those 63% articles could be linked to structures in the PubChem database. In addition, (23+27)% of articles have at least one chemical structure correctly processed by ChemReader. Therefore they would lead to true positive links to the chemical structures in the PubChem database.
In the Test 2, rejection ratio increases to 76% (11% more than the Test 1) due to the strict rejection conditions but the loss in articles which can lead to true positive links is only 5(=50-45)% (Figure 7 ). In details, the Chemical Expert system in the Test II filters out 8(=18-10)% more wrong structures with 3(=17-14)% loss in correct structures than the Test I. By these further rejected outputs, the percentage of the articles that can be linked decreases to 53% but 31% of the articles will be linked to entries in the PubChem database without any false positive or negative link. In fact, it is confirmed that a subset of articles that will be linked through both wrong and correct outputs in the Test I become articles having only correct outputs in the Test II. Also, 5% of articles that will be linked through wrong structures in the Test I disappear in the Test II. It should be noted again that, although 76% of output structures are filtered out in the Test II, (14+31)% of articles can be linked through correct structures that would have one or more true positive links to the structures in the PubChem database.
Next, we proceeded to look at how many PubChem entries could be correctly annotated using filtered output structures in both the Test I and II. At that time, there were 19,187,639 unique chemical structures in the PubChem compound database. Using a 90% Tanimoto similarity as a threshold for linking the structure in the articles with PubChem entries, 43,704 and 27,967 PubChem compounds (unique structures) were identified as relevant entries to the outputs in the Test I and II, respectively. On the other hand, using ChemReader's output, 39,593 PubChem entries for the Test I and 27,597 PubChem entries for the Test II were retrieved. Since one PubChem entry can have multiple links to output structures, the sum of true and false positive links in the Table 3 is more than the number of retrieved unique entries in both tests. All similarity searches are performed using PUG SOAP interface 51 with a 90% Tanimoto similarity coefficient as a threshold. Table 3 shows total number of TP, FP and FN links in both tests. Interestingly, most false positive and false negative links are originating from several structures. For example, in the Test I, 80% of FP (27, 497) and of FN (20, 244) links are involved only in 10 and 15 structures, respectively. This verifies that the use of Chemical Expert system can be a key factor impacting overall annotation performance. In fact, Chemical Expert system rejects 8 and 11 out of those 10 and 15 structures at issue. Subsequently, the number of FP and FN links dramatically decrease in the Test II as shown in the Test2. Furthermore, also in the Test II, 80% of FP (5,585) and of FN (6, 298) links are attributed only to 3 and 6 structures, respectively. Therefore the development of Chemical Expert system should proceed such that it can perceive error types commonly found in small number of those molecules and filter out them selectively. Such evolution of the expert system would enable to reduce the number of FP and FN links with less loss of TP links.
The quality of annotations (links) is estimated by precision and recall rates as described in the 'Error Analysis' subsection. Table 4 shows the averaged recall and precision rates of the Test I and II. The overall recall and precision rates based on total TP, FP and FN numbers in Table 3 can be different with the recall and precision rates of individual structures averaged over the testing set (Table 4 ) because, as mentioned above, a small fraction of the testing structures contributes to most of FP or FN links. While 1.5 times more PubChem compounds could be annotated in the Test I than the Test II, both the averaged recall and precision rates of the Test II are higher than those of the Test I.
In the perspective of a chemical database user, Chemical Expert system provides important information involving the reliability of the links. The relevancy of a link between molecule in a chemical database and extracted structure cannot be estimated with the Tanimoto similarity coefficient alone because of the possibility of recognition errors. The likelihood of a recognized structure corresponding to the original structure should be considered along with an intermolecular similarity. In fact, tolerant and strict conditions used in the Test I and II can be seen as certain levels of the estimated accuracy of the extracted structures. In this context, table 4 illustrates a correlation between the stringency of Chemical Expert system and the overall quality of annotations. This correlation indicates that, in a practical sense, Chemical Expert system allows a chemical database user to request annotated information within a certain level of reliability. For more practical application of Chemical Expert system, it may employ a machine learning algorithms such as support vector machine or adaptive boosting in order to quantitatively estimate the reliability of the resulting annotations.
An analysis of the distribution of recall and precision rates indicates how the current annotation performance can be improved. Figure 8 shows the distribution recall and precision rates per structure in the Test I ( Figure 8A ) and II ( Figure 8B ). The size of sphere is proportional to the number of structures, of which precision and recall rates are within a circle having as center the center of the bubble and a radius of 0.05. The percentages of structures of which both precision and recall rates are under 0.5 are only 16.5% for the Test I and 10.3% for the Test II, with most of these having a zero recall or precision. So we could expect that annotation performance would dramatically increase without much loss of true positive links if ChemReader's algorithm is enhanced such that those structures that lead to zero precision and recall rates are processed correctly.
Another point that we can address from the precision and recall distribution is that a wrong structure is likely to have either zero or one as the precision rate. Two big bubbles at the bottom-left and bottom-right in Figure 8 indicate these two groups of wrong structures. Structures having zero recall and 1.0 precision are those that could not be linked to PubChem entries even though PubChem contains relevant structures. 11.8% of the Test I and 9.0% of the Test II belong to that case. By visual inspection, we observed that a common feature of those structures is that they contain some user-defined chemical symbols (such as e.g. R, X, or Y) which ChemReader cannot interpret. As the chemical meaning of such symbols are usually described in the figure captions or text, by allowing ChemReader to access to the figure caption or text information around the chemical structure diagram, the recall rate would increase.
Based on this result, we plan to combine the existing functionality with text-mining and NLP technologies to use information in figure captions and the body of the manuscript for increasing the accuracy of the annotations. In traditional text-mining approaches, the article is indexed by several keywords including chemical names extracted from title or abstract section. For example, the National Library of Medicine (NLM) added chemical names into MeSH data so that articles in the PubMed database could be searchable by the chemical name. 52, 53 Similarly, we propose that chemical structure diagrams in a scientific article can be used for MeSH indexing of articles. As demonstrated at the TIMI system, 54 such integration of both chemical and textual descriptors enables linking the article with the chemical structure, which can uncover the contextual scientific knowledge sought by pharmaceutical, biological and medicinal chemistry research community.
Conclusions
We have elaborated a tunable, similarity based annotation strategy for linking molecules in a chemical database with scientific research articles, using a machine vision tool for translating images of molecules to atom and bond connectivity files. The proposed annotation strategy enables linking chemical structure diagrams within the scientific literature to chemically related structures in a chemical database in a practical manner. In particular, by using Chemical Expert system, the reliability of the links can be tuned and thus the accuracy of the annotations can be quantitatively assessed. For the validation, chemical structure diagrams in total 121 journal articles were processed by ChemReader and then linked to entries in the PubChem compound database. The results show that ChemReader could process chemical structure diagrams distributed over more than 45% of articles, and those articles could be linked to PubChem entries with promising precision and recall rates. In addition, by adjusting the stringency of the conditions used in Chemical Expert system, the overall performance of annotation could be tuned. Based on observations on wrongly processed structures leading false positive/negative links during annotation, it is expected that the annotation performance would increase significantly by improving the accuracy of converting molecules that include user-defined, non-standard chemical symbols as part of the drawing. Annotation pipeline to a chemical database using similarity-based linking method with tunable level of estimated accuracy. Chemical structure recognition process in ChemReader Bond angle histograms for ChemReader's output structure containing (A) no recognition error and (B) recognition errors. Distribution of recall and precision rates in the Test I (A) and Test II (B). The size of sphere is proportional the number of structures corresponding recall and precision rate. Table 2 Contingency 
